We developed and applied a computer analysis method to detect ring galaxy candidates in the first data release of PanSTARRS. The method works by applying a low-pass filter, followed by dynamic global thresholding to search for closed regions in the binary mask of each galaxy image. Applying the method to ∼ 3 · 10 6 PanSTARRS galaxy images produced a catalog of 185 ring galaxy candidates based on their visual appearance.
Introduction
Ring galaxies are rare irregular galaxies that are not on the Hubble classifications scheme. Theys and Spiegel (1976) proposed a separate classification scheme for ring galaxies that includes three subclasses based on their visual appearance: Empty ring galaxies (RE), Ring galaxies with off-center nucleolus (RN), and ring galaxies with knots or condensations (RK). They also identified that most, although not all, ring galaxies have a companion (Theys and Spiegel 1977) . Few and Madore (1986) separated ring galaxies into two sub-classes: ''P-type" rings, which have a knotty structure or an off-center nucleolus, and "O-rings", characterized by a smooth ring structure and a centered nucleolus.
Ring galaxies can be identified as polar rings (Whitmore et al. 1990; Macciò et al. 2005; Reshetnikov and Sotnikova 1997; Finkelman et al. 2012; Reshetnikov and Combes 2015) , collisional rings (Appleton and Struck-Marcell 1996), bar-driven or tidially-driven resonance rings (Buta 2000) , ringed barred spiral galaxies (Buta et al. 2001 ) and Hoag-type objects (Longo et al. 2012) . The "Hoag's Object" (Hoag 1950; Brosch 1985; Schweizer et al. 1987) was discovered in 1950, and its discovery was followed by the identification of other ring galaxies.
Catalogs of ring galaxies were created in the past by manual observation. The early Arp (1966) catalog of peculiar galaxies contains two galaxies with visual appearance of an empty ring. The catalog of southern peculiar galaxies (Arp and Madore 1988) includes 69 systems identified as rings. Whitmore et al. (1990) compiled a list of 157 polar ring galaxy candidates, and about half a dozen of these objects were confirmed as polar ring galaxies by kinematic follow-up observations (Finkelman et al. 2012) . Madore et al. (2009) prepared an atlas of collisional ring galaxies. Garcia-Ribera et al. (2015) discovered 16 polar ring galaxy candidates. Buta (1995) created a catalog of Southern ring galaxies. Moiseev et al. (2011) used crowdsourcing and non-scientists volunteers to prepare a catalog of ring galaxy candidates through the Galaxy Zoo citizen science campaign.
While manual analysis performed by expert or citizen scientists has provided useful catalogs of ring galaxies, the rapidly increasing data acquisition power of digital sky surveys such as the Large Synoptic Survey Telescopes (LSST) can potentially allow the identification of a very large number of ring galaxies among a total of billions of astronomical objects. Due to the large size of these databases, effective identification of these objects requires automation, leading to the development of automatic methods of identifying peculiar objects in large databases of galaxy images (Shamir 2012; Shamir and Wallin 2014; Shamir 2016 ). Here we describe an automatic image analysis method that can identify ring galaxies, and apply the method to mine through ∼ 3·10 6 galaxies imaged by the Panoramic Survey Telescope and Rapid Response System (Hodapp et al. 2004; Flewelling et al. 2016; Chambers et al. 2016) to compile a catalog of ring galaxy candidates.
Methods

Data
The dataset was obtained from the Panoramic Survey Telescope and Rapid Response System (PanSTARRS) first data release (Hodapp et al. 2004; Flewelling et al. 2016; Chambers et al. 2016) . The initial dataset includes 3,053,831 objects with r magnitude of less than 19. To avoid stars, the dataset included 2,394,452 objects identified as extended sources in all bands, and 659,379 additional objects that were not identified as extended objects in all bands, but their PSF i magnitude subtracted by their Kron i magnitude was larger than 0.05, and their r Petrosian radius was larger than 5.5". Objects that were identified as artifacts, has a brighter neighbor, defect, double PSF, or a blend in any of the bands were excluded from the dataset, as such objects require time to download and process while significantly increasing the false positive rate.
The images were then downloaded via the PanSTARRS cutout service as 120×120 JPG images, in a process similar to the image download done in (Kuminski and Shamir 2016) . The JPG images that were downloaded and analyzed were the g band images, as the y/i/g color images were in many cases noisy, and did not allow effective automatic analysis. To avoid pressure on the PanSTARRS web server, one image was downloaded at a time, and therefore the processes required 62 days to complete.
The initial scale was set to 0.25" per pixel. As done in (Kuminski and Shamir 2016) , after each image was downloaded, all pixels located on the edge of the frame with grayscale value higher than 125 were counted. If the number of these pixels was 25% or more of the total number of pixels on the edge the scale was increased by 0.05", and the image was downloaded again. That was repeated until the number of foreground pixels on the edge was lower than 25% of the total edge pixels. The change of the scale assisted in analyzing objects that are initially too large to fit in a 120×120 image of the initial 0.25" per pixel scale.
Images that contain substantial noise or artifacts are difficult to analyze correctly, and can trigger false positives as will be explained in Section 2.2. Due to the large scale of the initial dataset, even a low rate of false detections can lead to an unmanageable resulting dataset. Because compression algorithms are more efficient when the signal is smooth, clean images of real galaxies tend to have a smaller compressed file size, and therefore artifacts and noisy images can be rejected by their compressed file size (Kuminski and Shamir 2016) . Table 1 shows examples of galaxy images and their file sizes. Based on empirical observations, a threshold was set so that only images with file sizes of less than 5.5KB were analyzed, and larger files were rejected.
Galaxy image analysis
Each image is smoothed by utilizing a median filter with window size of 5×5 to facilitate noise reduction, and converted to grayscale. The image is then converted into its binary mask using a dynamic threshold. The dynamic threshold starts with a minimum of 30, and is incre- is computed, and a search for a ring inside the foreground is done using a Flood Fill algorithm (Asundi and Wensen 1998) . Flood fill is an algorithm typically associated with the "bucket fill" tool in painting programs. Here we used a stack-based 4-connected version of the flood fill algorithm, which is a non-recursive process starting with an initial pixel and then analyzes the four pixels surrounding it. Each of these four pixels is flagged, and then the neighbors of each of them are also added. That continues until all pixels are flagged, or no neighbors with value of 0 remain. In that case it is determined that no path of pixels of value 0 to the edge exist, and therefore the image is suspected as a ring galaxy. However, if a pixel that is on the edge of the image is flagged, the algorithm stops and it is determined that no ring exists in that graylevel threshold.
The flood fill algorithm is applied for each pixel in the binary mask. If the flood fill algorithm finishes without reaching a pixel that is on the edge of the frame, the number of pixels in the closed area are counted, and divided by the number of foreground pixels. If the number of pixels in the closed area is less than 10% of the number of foreground pixels, it is assumed that the closed area is too small to be considered a ring galaxy. Figure 3 shows an example of closed areas in the binary mask that can be considered candidate rings (left), and small areas in the binary mask of the same image that are merely local grayscale variations (right). Processing of a small 120×120 galaxy image using a single core of an Intel Xeon E5-1650 requires ∼2.1 seconds to complete.
False detections
When mining through a very large number of galaxies, even a small rate of false detections can lead to an unmanageable database. Of over three million images that were tested, the algorithm detected 2490 galaxies in which manual inspection showed no ring. These galaxies included artifacts, saturated objects, and regular galaxies. Figure 4 shows examples of false detections of the algorithm. As can be seen in the example images, overlapping arms or stars nearby a spiral galaxy can lead to false detections. Saturated objects can also be mistakenly identified as rings. However, these objects are fairly rare, and the false detection rate is less than 0.1% of the initial set of galaxies. Another aspect related to false detection is confusion between ring galaxies and ringed disk galaxies (Buta 2013) . That difference, however, is more difficult to identify automatically, as ringed disk galaxies feature ring-like structures, normally as nuclear, inner, or outer rings.
Ring galaxy candidates
The ring galaxy candidates that were detected with their right ascension and declination coordinates are shown in Table 2, ordered by the right ascension. Table 2 :: Ring galaxy candidates identified automatically PanSTARRS images of the galaxies are displayed by Figures 5, 6 , 7, and 8.
Comparison to Madore collisional ring Atlas
To assess the completeness of the catalog, the detected galaxies were compared to the Madore et al. (2009) catalog of collisional ring galaxies. The objects listed in Table 3 are objects from that catalog that are inside the footprint of PanSTARRS Data Release 1. The table shows the corresponding PanSTARRS object ID, and the Kron magnitude measured on the r band, which is used as a criteria for inclusion of objects in the initial dataset as described in Section 2. When multiple objects IDs are associated with the same extended source, the selected object ID is the object that its photometric information is the closest to the photometry threshold for selecting the objects as described in Section 2.1. The PSF i magnitude subtracted by the Kron i magnitude was also used as a method of filtering objects that are not galaxies, as well as the identification of the object as an extended sources in the g,r,i and z bands. When iPSFMag-iKronMag is larger than 1000 it means that one of the iKronMag reading was bad, leading to a -999 value. The table also shows what objects were detected as ring by the algorithm by downloading the image directly from PanSTARRS server and running the algorithm.
With the exception of NGC 4774, the objects are not included in Table 2 . The reason for the exclusion of these objects from the catalog can be the inability of the algorithm to detect them, as in the case of Arp 145, Arp 146, NGC 985, and Arp 150. Arp 145 is a relatively dim ring, and in the case of Arp150 and Arp 146 the ring is not full, and therefore the method failed to detect it due to an opening in the ring that allows the flood fill "escape" from the ring and reach the edge of the frame. These systems were included in the initial list of galaxies, but were not detected due to the inability of the method to detect them.
An interesting case is the object VII Zw 466, which was used as the object for demonstrating the algorithm in Section 2.2, but was not detected when applying the algorithm to the PanSTARRS images. The reason is that the PanSTARRS photometric object associated with it that was in the initial list is not the center of the ring, as shown by Figure 9 . Because the object was not centered, the full ring was outside of the frame, and due to the few bright pixels on the frame the object was not identified as too large, and was therefore not re-scaled as described in Section 2.1.
The other objects were not included in the initial list of objects described in Section 2.1. For instance, Arp 318 is a group of "faint, diffuse streamers, peculiar galaxies" (Arp 1966) , and as such is outside the scope of objects that can be identified by the algorithm described in Section 2. It also has bad rKronMag measurement and was not detected as an extended source in any of the bands. Arp 10 also has bad rKronMag measurement, and Arp 273 has bad iKronMag measurement and was identified as an extended source only in two bands, and therefore did not meet the criteria for the initial list of galaxies described in Section 2.1. When testing the images, six out of the 17 systems were Table 3 : Collisional ring galaxies from (Madore et al. 2009 ) that are inside the footprint of PanSTARRS DR1.
identified as rings by the algorithm. That shows that even if all PanSTARRS galaxies were tested, many more relevant system would still be hidden in the PanSTARRS database.
Conclusion
Autonomous sky surveys have enabled the acquisition of very large databases of image and other data, substantially increasing the discovery power of ground and space-based telescopes. To utilize the discovery power and turn these data into scientific discoveries, it is required to apply computational methods that can mine these very large databases. Since a substantial part of these data are in the form of images, full analysis of the data requires image analysis methodology. Here we use a simple and fast automatic image analysis method and apply it to the PanSTARRS first data release to detect ring galaxy candidates. Despite the simple nature of the image analysis method, it can find ring galaxies that are highly difficult to find without using automation, and it is sufficiently fast to be applied to much larger databases such as LSST.
That shows that it is reasonable to assume that many more objects with ring structure could exist in PanSTARRS DR1, and were not detected in this experiment. Identifying all objects in PanSTARRS will require the improvement of the algorithm so that it can better handle "edge" cases, but also analysis of a larger dataset of PanSTARRS objects, as it is possible that many relevant objects did not meet the criteria for the initial data reduction. The PanSTARRS photometric pipeline can in some cases provide bad measurement values (e.g., "-999") or fail to identify an extended source, leaving the object outside of the initial list of galaxies. The initial data reduction is required for reducing the very large PanSTARRS dataset of over 3 × 10 9 objects to a "manageable" number of galaxies that can be downloaded and analyzed. Some objects such as Arp 138 are too large or have morphology that cannot be identified by the proposed algorithm. However, this study shows that applying a first step of automatic image analysis can identify objects that would require substantial labor to identify manually.
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